Social capital relates to capital created when a group of individuals or organizations develop the ability to work together for mutually productive gain. Gains in economic performance and innovative capacity depend on the institutional effectiveness of these relationships as measured by the available stock of social capital. Studies on social capital have however, been criticized for failing to account for the multi-dimensional and latent nature of the concept. Using household survey data from Malawi, this study uses latent class analytical methods to explore social capital and how it relates to welfare of people in rural communities in Malawi in Africa. It highlights the usefulness of latent class analytical methods for providing statistically valid information about the characteristics and determinants of social capital. Using the social capital dimensions of trust, participation and volunteering a four class LCA typology was constructed. Around 30% of the sample were classified as 'trusty participants', reporting active participation in the socio-economic activities of their communities and a high degree of community and institutional trust. Multinomial logistic regression revealed the covariates of the different typologies of social capital.
dimensions of social capital and then by using the LCA dimension models to define and measure the social capital of the survey sample. The study is novel in the way that it includes a more comprehensive analysis of social capital and is based on empirical data. Given the relatively few studies that have assessed social capital in developing countries (Durlauf & Fafchamps, 2004) , this paper will also make an important contribution to knowledge on the measurement of social capital and its influence on rural development outcomes in a developing country context. This paper first discusses the different dimensions of social capital then introduces latent class modelling highlighting the way it can improve on previous studies. The methods used in the research, including the case study, are explained, followed by presentation of the results and discussion.
Capturing the Multi-Dimensionality of Social Capital
The theory of social capital has been criticized for its definitional diversity (Stone, 2001) ; which has led to serious conceptual ambiguities and vagueness (Durlauf & Fafchamps, 2004) . This lack of commonality is, in part, due to the fact that the definition and measurement of social capital has been based on a range of different dimensions. Table 1 highlights four dimensions most commonly used to measure social capital: Community trust, Institutional trust, Groups and networks, and Volunteerism and participatory activities. However, we note that the majority social capital studies have focused on only a single dimension (Table 1) . We argue that this restricted assessment of the dimensions of social capital is perhaps a key contributing factor to the definitional ambiguities currently found in the literature. This proposition is supported by Hean et al. (2003) , who argue that a focus on a single dimension will be unable to fully explain the concept. Narayan & Pritchett, 1999; Putnam et al., 1993; Coleman, 1988; Kawachi et al., 1999; Lemmel, 2001; Veenstra, 2000 Veenstra (2000 used community trust to study relationship between social capital and health for the elderly
Institutional Trust
Trust between individual and/or communities with institutions (e.g. public institutions) Lyon, 2000; Stone, 2001; Cox & Caldwell, 2000; Uslaner, 1999; Rothstein & Stolle, 2002 Rothstein and Stolle (2002) studied the relationship between people and various institutions using Swedish Data
Volunteering Activities Ability of people to voluntarily work together and help one another toward resolving communal issues Weitzman, 2000; Wilkinson & Bittman, 2002 Weitzman (2000 used volunteering to study linkage between social capital and binge drinking in USA Participatory activities Ability of people to participate in social and economic activities Putnam et al., 1993; Guiso et al., 2004; Onyx & Bullen, 2000; Woolcock & Narayan, 2000; Shah et al., 2001 Social capital is therefore multi-dimensional. It comprises networks of social relations characterised by norms of trust and reciprocity. Definitions of social capital and tools to measure social capital should account for this range of dimensions. Stone (2001, p. 1) however argues that 'there is a gulf between theoretical understandings of social capital and the ways social capital has been measured in much of the empirical work'. Owen and Videras (2009) extend this argument by stating that 'Although many researchers agree social capital is a multidimensional concept, few have applied multivariate methods'. Table 2 provides a summary of the various multivariate statistical methods that have been used to measure social capital. Many of these multivariate methods, however, have weaknesses (Owen & Videras, 2009) . Regression based methods have been used to explain various aspects of social capital and some of them have used multiple social capital variables in recognition of its multidimensionality. The latent nature of social capital has however been ignored in these studies. Besides, most of these analytical methods assume the normal distribution of the manifest and latent variables which may not always hold. Factor analysis has also been used to reduce multiple social capital variables to a few categories of social capital. One weakness of the factor analysis, however, is that it allows researchers to rotate the factor loadings to obtain a meaningful interpretation of the solution; as such the results are not unique. Traditional clustering approaches have also been used in the analysis of social capital (Percy & Iwaniec, 2007) , though the classification process is ad hoc (Owen & Videras, 2006) . Owen & Videras, 2009 In the last decade interest has shifted towards model-based approaches for latent variables. Model based approaches use estimated membership probabilities to classify cases into appropriate clusters (Vermunt & Magidson, 2002) . Latent class analysis (LCA) is one of such method. LCA is a statistical method for finding discrete subtypes of related cases (latent classes) from multivariate categorical data. The method was introduced by Lazarsfeld (1950) . Goodman (1974) made the model applicable in practice by developing an algorithm for obtaining maximum likelihood estimates of the model parameters. The Owen and Videras (2009) study is, to our knowledge, the only application of LCA to the analysis of social capital.
LCA would appear to have a number of advantages over other statistical techniques for the measurement of social capital. First, unlike traditional cluster analysis, LCA is model-based and there exist formal criteria to decide on the dimensionality of the latent variable; that is, there are formal criteria to decide on the number of types of social capital that are present in the data (Owen & Videras, 2009 ). Second, unlike most traditional regression analysis where the research subjects are treated as homogeneous (an assumption that is not necessarily true), LCA creates a set of typologies of individuals with similar characteristics and this allows for a more in-depth analysis of each typology, thus exposing inherent differences and similarities among such typologies. LCA should therefore provide a much better analysis of the type and structure of social capital, including taking account of its multidimensional and the latent nature of the indicators used to measure it (Paldam, 2000) .
Case Study: Social Capital and Welfare in Central Malawi
The context for this research was to explore the contribution that social capital brings to promoting welfare in rural Malawi. The research involved characterizing social capital and its relationship to welfare variables using LCA methods. Malawi is one of the world's poorest countries with a per capita income of just US$170 per annum. Its economy is overwhelmingly agrarian with agriculture accounting for nearly 90% of foreign exchange earnings and 85% of employment; though only one-third of GDP (Magalasi, 2005) . Poverty in Malawi is both chronic and widespread, and afflicts about 65% of the population. Several indicators highlight poverty including acute and widespread household food insecurity (40-50%), low literacy rate (58%), low quality of education and low life expectancy (from 43 years in 1996 to 39 years in 2000).
Understanding social capital with its emphasis on social relationships is important in Malawi because many people have little access to money (the most common indicator of welfare) and strong social relationships are crucial for maintaining livelihoods. Portes (1998) observes that whereas economic capital is in people's bank accounts and human capital is inside their heads; social capital inheres in the structure of the relationships between people. Social capital in rural central Malawi takes many varied forms. Neighbours have a tendency to do some economic activities together. For example, to facilitate farming activities neighbours or relatives may take turns to work as a group on each others' fields. Often a meal is cooked or beer brewed to reward the workers. The work could also be non-agricultural, such as constructing a house or digging a well. Sometimes groups of young people might form themselves into a work gang and hire themselves out (Whiteside & Malawi, 1999) . Malawians also have a tendency to support one another financially or in kind, especially among family members. Children working in the cities tend to send money and other resources to their parents and some relatives in the villages, thus reducing rural economic hardships (Davies et al., 2006) . Rural people also have various forms of safety nets from Government and other institutions in the form of food stumps when food is very scarce. These vertical relationships are very common as Government implements targeted agricultural input programmes in which poor families are helped with subsidized fertilizers and maize seed to boost food production.
Social capital is about informal networks-involving cooperation within the household or among face-to-face groups within a village. Such kind of cooperation is common in Malawi (Vajja & White, 2006) . Understanding the nature of social capital in important because it allows policy makers to determine how it can be harnessed in development activities in poor countries. The application of LCA in the analysis of social capital exposes its different typologies and characteristics and to our knowledge this is the first time such an analysis has been undertaken in a developing country context.
Method

Data Collection
Data for this study was collected through a household survey of 478 small holder farmers in two districts of the central region of Malawi: 255 households in Dowa and 223 households in Lilongwe. The two districts are similar in terms of economic/subsistence activities undertaken by the majority of households (i.e. crop production). However, poverty is far higher in Lilongwe district (76.7%) than in Dowa (49.8%). It was hypothesised that the differences in welfare between the two districts would (at least in part) be explained by the levels of social capital in those districts.
The data was collected using semi-structured questionnaires. The focus of the questionnaires was to gather information relating to the four key dimensions of social capital ( Table 1 ). The first column in Table 3 provides an outline of the issues that were used to represent these four social capital dimensions. The questionnaire also collected data on socio-demographics, economic livelihoods, household assets endowment and food security. These data are used to characterise the individuals classified into the different social capital groups.
Model Formulation and Data Analysis
Latent class analysis normally starts by defining a categorical latent variable based on a set of discrete observed manifest variables. Initially, we attempted to develop a latent class model for social capital based on sixteen manifest variables that covered the range of dimensions of social capital (Table 3) . However, it was found that such a model was too complex.
As an alternative, a 'nested' latent class model was devised. In this nested model, we ran separate LCA models for the four key dimensions of social capital (i.e. community trust, institutional trust, volunteerism and participatory activities), and then used these four dimensional LCA models as the manifest variables for a LCA on social capital. Thus the dimensional LCA models are nested within the social capital LCA model. Data for this analysis came from the semi-structured interviews, where each of the four dimensional LCA models was based on the responses to four survey questions. For example, the manifest variables for the 'community trust' dimension LCA model were based on the responses to questions on: Trust among neighbours in the community; Trust with respect to money; Perception that trust in the community has improved or otherwise; and Trust with respect to livestock. The questions used as the manifest variables for all the four dimensions LCA models can be found in Table 3 .
The specification of the LCA is defined below and is based on the notation from Goodman (1974) . First, let us assume that there is a cross-classification table of M = 4 variables, A, B, C and D. Also, assume that variable A can take values i = 1, …, I, variable B can take values j = 1, …, J, and so on. In this application, the variables represent either the dimensions of social capital (i.e. community trust, institutional trust, volunteering activities, or participatory activities), or social capital as defined in the nested model. Assume that there is one latent variable X that can take values t = 1, …, T. The different levels of the latent variables X are referred to as latent classes. Let π ijklt ABCDX denote the joint probability that an individual will be at level (i, j, k, l, t) with respect to the joint variables (A, B, C, D, X) . We assume that,
( 1) That is, every individual belongs to one and only one of the latent classes, i.e. the latent classes are exhausting and mutually exclusive. In addition, we assume local independence:
Where, π t X is the probability that an individual will be at level t with respect to the latent variable X. π it A X is the conditional probability that an individual will be at level i with respect to variable A, conditional on being at level t with respect to the latent variable X. The three other conditional probabilities π jt The analysis typically begins by fitting a single-class (T = 1) baseline model (H0), which specifies mutual independence among the variables. Model H0:
Assuming that this null model does not provide an adequate fit to the data, a two-class LCA (T = 2) model is then fitted to the data. This process continues by fitting successive LCA models to the data, each time adding another class, until the simplest model is found that provides an adequate fit.
Goodness of fit tests for latent class models are conducted using likelihood ratio chi-square statistic L 2 (Vermunt & Magidson, 2002) . Model selection was done using the Bayesian Information Criteria (BIC) statistic (Schwarz, 1978) and the Akaike Information Criteria (AIC) (Akaike, 1981) . We report the BIC statistic only in this paper. A model with a lower BIC value is preferred over a model with a higher BIC value. Efficiency of class allocation is assessed through the computation of the Pi-star index (Rudas et al., 1994; Boyd et al., 2008) . A thorough explanation of latent class analysis is explained in Hagenaars and McCutcheon (2002) .
In this research, we were also interested in identifying the determinants of social capital, i.e. what socio-economic characteristics of respondents resulted into membership of the different social capital latent classes. The determinants of social capital were identified through a multinomial logit model in which the latent classes from the nested social capital LCA model were converted into nominal dependent variables and regressed on a number of socio-economic variables. The socio-economic variables used in this analysis included gender, mean per capita expenditure, value of household assets, land endowment, food security status, literacy, marital status and age of household heads. One sample T-tests were then used to determine if the sample mean in each social capital latent class was statistically different from the mean of the whole sample.
Results
Latent Class Analysis
The results of the LCA analysis are presented in two sections. First, Section 5.2 presents the results of the four LCA models that represent the four dimensions of social capital. Section 5.3 then presents the result for the nested LCA on social capital.
Analysis of LCA Models of the Four Dimensions of Social Capital
The first stage of our analysis involves the specification of four separate LCA models on the four key dimensions of social capital. In this section, we report the findings from each of these four dimensional LCA models. This is then followed by an analysis of the socio-economic determinants of each of the latent classes from the four dimensional LCA models.
Community Trust
The first dimension of social capital investigated was community trust. A baseline LCA model (specified using a single T = 1 class: see Equation (3) was initially estimated. A likelihood ratio chi-square test rejected the null hypothesis that this single class model provides an adequate fit to the data (χ 2 = 83.6963; p < 0.001). This result confirms the existence of multiple classes. The next step is then to run a series of different LCA models in which the number of classes are increased (we tested models that comprised up to four classes). The favoured model in terms of number of classes can be identified using the BIC statistics. These statistics indicated that a three-class model was favoured for the community trust dimension: BIC = -28.27 (compared to 8.17 for the single-class model). The goodness of fit for the three-class model was also good (Pi-star = 0.01).
Conditional probabilities for the selected models are shown in Table 3 . For the community trust model, Classes 1 and 2 respectively accounted for 46% and 43% of the sample respondents; Class 3 had 11% of the respondents.
Members of Class 1 had high probabilities with respect to the indicators of community trust: 86% of individuals included in this class stated that they trusted their neighbours in the community, 60% trusted others with their money, 55% perceived that trust in the community had improved, and 97% stated that they trusted other with their livestock. Individuals allocated to Class 1 were labelled as having 'High Community Trust' because of their perception that people can be trusted. Members of Class 2 trusted other in the community with respect to money (88%) and livestock assets (68%). However, only 36% of these individuals perceived that community trust had improved. Such individuals therefore appear to be more sceptical about the level of trust in the future. Based on this, members of Class 2 were considered as having 'Moderate Community Trust'. Class 3 has lower probabilities in all of the community trust variables. These are individuals whose perception was that level of Vol. 10, No. 4; trust among community members was very low and that their neighbours can not be trusted. The individuals were labelled 'Low Community Trust'.
Institutional Trust
Model selection statistics for Institutional Trust dimension indicates that the three-class model is the preferred model. The BIC statistic for the three-class model was 25.84 (compared to 703.12 in the one-class model). Class 1 and 2 respectively account for 26% and 20% of respondents, while Class 3 accounts for just over 54% of the respondents (Table 3 ). Individuals in Class 1 have high probabilities in all indicators of institutional trust and are labelled 'High Institutional Trust'. Individuals in Class 2 have mixed characteristics. They tend to have high probabilities in their contacts with the government on community problems and parliamentarians on personal problems. Such individuals were coined 'Moderate Institutional Trust'. The final class, Class 3, constitutes individuals who had low institutional trust as they had low probabilities of contacts with either government officials or parliamentarians. They are coined 'Low Institutional Trust'.
Volunteerism
Four different models were run for voluntary activities after the hypothesis of a single class model was rejected iThe BIC statistics indicated that a two-class model was preferred (BIC = -26.01 compared to BIC = 85.70 for the base model). The computed pi-star was 0.07.
The first class comprised 73% of the respondents (Table 3 ). These individuals were labelled 'active volunteers' as they had high probabilities of undertaking a range of volunteering activities including: transporting the sick to the hospital; visiting and helping the elderly; voluntary road maintenance and clearing the cemetery. These are individuals who are able to commit their time and other resources to help the vulnerable members of the communities and be part of the collective action to improve the welfare of the communities. Class two respondents were 'reluctant volunteers'. Although they would transport the sick to hospital and to some extent help the elderly, they were less likely to volunteer to help with other community activities.
Participatory Activities
The final dimension of social capital investigated was participatory activities in the context of the community. A two class model of participatory activities was favoured: BIC = -13.16; pi-star = 0.10. The first class 'Active participants' comprised 65% of survey respondents (Table 3) . Members of this class tended to higher probabilities of participation in a wide range of community activities. Individuals in Class 2 had low probabilities in all the manifest variables and are therefore considered as 'reluctant participants'. 
Analysis of the Nested Latent Class Model on Social Capital
The final stage in developing a nested latent class model of social capital was to use the latent class typologies from each of the four social capital dimensions as manifest variables of the nested LCA model for social capital. A likelihood ratio chi-square test rejected the null hypothesis that a single class model provided an adequate fit to the data (χ 2 = 43.04; p < 0.001). This result confirms the existence of multiple classes describing social capital. The favoured multiple class model was a four-class model: BIC = -0.53 (compared to 100.67 for the single-class model). The goodness of fit of the four-class model was also acceptable (Pi-star = 0.10). Table 4 reports the conditional probabilities for the nested LCA model on social capital.

Class 1 (27% of the sample) had high probabilities for institutional trust, but low levels of community trust and were reluctant participants in community activities. These individuals were labelled 'Institutionally connected'.  Class 2 (18% of the sample) had high probabilities volunteering and high levels of institutional trust. However, they tended not to participate in community activities. These individuals were labelled 'Institutional volunteers'.  Class 3 (accounting for 30% of the survey sample) has high probabilities for participatory activities and both community and institutional trust. Individuals included in this class were therefore labelled as 'Trusty participants'.
The final class accounted for 25% of survey respondents. Class 4 has high probabilities in both volunteering and participatory activities, but had the low level of trust in either the community or institutions. Individuals in this class were labelled 'volunteering participants'. The conditional probabilities in Table 4 table reflect the prevalence of a particular social capital aspect. As such, the figures represent the levels of social capital in a particular latent class with respect to the social dimensions under study. If we take probabilities of > 0.5 as relatively high in social capital with respect to a particular dimension and vice versa, then trusty participants (Class 3) could be considered as the group with the highest social capital. The institutionally connected (class 1) only registered high social capital with respect to institutional trust, as such, they could be considered as a group with low social capital. Latent class modelling therefore not only creates distinct groups of individuals with different socio-economic characteristics, it also helps to quantify the levels of social capital.
The Nested LCA Model and Measures of Welfare
The next step in the analysis was to test whether the four latent classes provided a functional typology capable of distinguishing rural people on a range of other social economic measures. This was achieved using a comparative analysis on a range of indicators of welfare including income (represented by per capita expenditure), household assets, endowment of arable land, food security (represented by yield in Kg per ha of maize), and on education attainment (Table 5) . A one sample t-test was used to test the differences between the mean values of the variables for each class with that of the whole sample (Table 5 ).
The results demonstrated that, in general, the institutionally connected were better off in terms of land endowment, but were worse off with respect to income, as measured through per capita expenditure; while the institutional volunteers were better off with respect to income and were worse off with respect to land and food security. The trusty participants were better off with respect to household physical assets and food security and were worse off with respect to income. The volunteering participants were better off with respect to both income and food security, though they were worse off with respect to farm land endowment. There were no significant differences among the classes with respect to educational attainment. Note. *** (P-value < 0.000); ** (P-value < 0.05); * (P-value < 0.10).
Bold indicates that the social capital class was better off in terms of the socio-economic attribute, while italic means the opposite.
Exchange rate: 1 US$ = MK140.00. Table 6 presents the results of the multinomial logistic regression analysis. (The institutionally connected were a reference category). The multinomial logistic regression assumes that there is no order to the categories of the outcome variable, i.e. the variable is nominal. In this case the outcome variable was the allocation of research subjects into the four classes. One important feature of the multinomial logistic model is that it estimates k-1 models, where k is the number of levels of the dependent variable (Bland & Altman, 2000) . In this instance latent class 1 (the institutionally-connected) of the dependent variable was set as the referent group. The models for class 2, 3 and 4 membership were estimated relative to latent class 1. Since the parameter estimates were relative to the referent group, the standard interpretation of the multinomial odds ratio is that for a unit change in the predictor variable, the odds of outcome m relative to the referent group is expected to change by its respective parameter estimate given the variables in the model are held constant.
Determinants of Rural Social Capital
The statistical analysis was aimed at identifying the socio-economic factors that determined the allocation of the rural people into the different latent social capital classes. The estimates in Table 6 are in the form of odds ratios, which reflect the predicted change in odds of being in any of the classes (outcome m) for a unit increase in each of the explanatory variables. When the Odds Ratio is less than 1, increasing values of the explanatory variable corresponds to decreasing odds of being in the class under consideration and vise versa.
The results indicate that household size, having a spouse and geographical location (district of origin) had influence on the allocation on the rural people in all classes except the reference group. Age of household head was associated with being in classes 1 and 2. Gender of a household head and per capita expenditure did not have any significant influence on their being in any of the classes. Human capital in the form of literacy was associated with being institutional volunteers (the reference group) and being among the volunteering participants. This finding confirms the linkage between volunteering and human capital that people that are more educated and thus more skilled are better able to engage in volunteering work in their communities (Wilson, 2000) .
The results also show that food security was associated with being in the group of volunteering participants and the reference group (institutional volunteers) and this result confirms the above average productivity for food production for these groups (Table 5) . 
Discussion
The research paper set out to explore the applicability of latent class modelling in the characterisation of social capital and identification of its determinants in the developing countries, using the case study of rural Malawi. The basic idea of social capital is that one's family, friends, and associates constitute an important asset, one that can be called upon in a crisis, enjoyed for its own sake, and/or leveraged for material gain (Putnam, 1995) . Social capital has therefore being linked to poverty alleviation efforts. Development organizations like the World Bank have advocated support for poor peoples' social capital as one way of alleviating poverty (Woolcock & Narayan, 2000) . The problem with social capital research has centred on its measurement. This research came about against the backdrop of criticisms levelled against many social capital studies as falling short of recognizing the multi-dimensional and latent nature of the construct. The application of latent class analysis dealt with these concerns.
Use of Latent Class Analysis
The nested latent class model used in the study represented a novel analytical framework that resulted in the definition of four different social capital classes. The nested LCA model was based on sixteen social capital indicators that typify four different social capital dimensions (community trust, institutional trust, volunteering and participation) . The use of formal information criteria such as BIC and AIC validated the typology through the statistically valid selection of the most parsimonious model. In this case, a four class typology of research subjects was achieved and this allowed for further analysis that exposed how membership into social capital classes affected welfare and also social economic differences and similarities among the four classes and the application of the multinomial logit model to identify the determinants of social capital.
It is worth noting that alternative analytical methods such as traditional regressions, factor analysis, cluster analysis and several others ( Table 2 ) that have been used in the measurement of social capital have helped to shed light on the global understanding of social capital. Many of these analytical methods, however, have tended to use univariate measures of social capital, thus falling short of the need to account for its multidimensionality. Individual social capital variables have not been able to adequately represent social capital. Besides, LC models do not rely on the traditional modeling assumptions which are often violated in practice (linear relationship, normal distribution, homogeneity). Hence, they are less subject to biases associated with data not conforming to model assumptions (Vermunt & Magidson, 2002) .
Few researchers have used multivariate methods to account for multidimensionality in the measurement of social capital. Sabatini (2005) uses principal components analysis to a number of social capital indicators to a single variable while Paxton (1999) applies confirmatory factor analysis to several indicators of trust (Owen & Videras, 2009) , however point out that, latent class models have some advantages over principal components analysis (PCA) and factor analysis (FA). Factor analysis and principal component analysis allows researchers to rotate the factor loadings to obtain a meaningful interpretation of the solution, as such the results are not unique. Besides, these analytical methods assume the normal distribution of the manifest and latent variables which may not always hold and the principal components or factors isolated from these analyses may account for very little variation in the data set. Using the Malawi data, for example, a PCA run on the sixteen variables resulted into 4 principal components. The components however accounted for 51% of the variability in the original sixteen variables, thus incurring 49% loss of information. It is therefore notable that while PCA and FA help in the examination of latent relationships among variables and as data reduction tools, they recognise the multidimensional nature of social capital. There is, however, a risk that valuable information could be lost in the process. In addition, though it is possible to identify what variables the components or factors represent, categorical social capital variables can not be addressed. The value of LCA is that it addresses categorical social capital variables.
Social and Economic Characteristics of Rural People in Central Malawi
Latent class analysis sorted the research subjects into distinct social economic classes defined by different social capital endowments. The allocation of research respondents into different latent classes allowed for a comparative analysis of the socio-economic differences among the classes. One sample t-tests (Table 5 ) analysis showed that members in different classes had significant differences with respect to some selected socio-economic variables. For example, individuals in class one (institutionally connected) had significantly lower than average values for per capita expenditure and their values for food security, and physical assets were also mildly lower than then overall average. In contrast this class had significantly higher than average values for land ownership. Institutional connection in this case was measured by the contacts that the research subjects made seeking help from the government and parliamentarians. Usually, in the Malawian rural situation, poor people tend to go to the local authorities to seek help such as free food and agricultural inputs. Despite having large land sizes, it would appear that the institutionally connected people were poor. This network is different from the kind of connection in which an individual would visit the commercial banks to negotiate for loans. On the contrary, the connection involves low resource endowed households desperately seeking help from the available institutions. Volunteering participants on the other hand had different characteristics as they registered statistically higher values for per capita expenditure and maize productivity (food security).
The classification of research respondents in this way therefore exposed the differences in their welfare. This is important because in developing countries where a large number of people live in poverty, the challenge has always been to identify the vulnerable poor or ultra poor of the rural communities to more effectively target development programmes. The Malawian Government and the local NGOs have for the past few years handed out free food stamps to the vulnerable members of the rural communities and this is how such clusters of people have survived the harsh realities of life such as drought and famine and even devastating floods.
The quantitative analysis has shown different levels of social capital and the socio-economic characteristics in different latent classes. Such differences could have enormous welfare policy implications in the rural areas of poor countries. The results show that latent class analysis could be used to map out the social capital typologies prevalent in rural communities with statistically valid results. For example, where volunteering tendencies are prevalent development projects that require volunteering activities could be the most relevant. The socio-economic analysis, however, did not identify the determinants of rural social capital. In this way, a multinomial logit model was run to identify the factors that predisposed research subjects to belong to particular classes.
In addition to the identification of sub groups of social capital, the nested latent class analysis also allowed for the identification of the determinants of social capital. The latent classes were converted into a nominal variable which was then regressed on a number of socio-economic factors in a multinomial logit model. This analytical technique helped to identify the factors that predisposed respondents to be allocated into particular classes. For example, it was found that classification of research respondents into class one (the institutionally connected) was influenced by household sizes, age and place of residence. This means for latent class 1 with respect to the reference class (class 3) a one unit increase in household size and age of the respondents was associated with a 13% and 2% increase in the odds of being in class 1 respectively. In other words, the more the household size and the more advanced in age, the more likelihood of being poor. Classes 2 individuals were influenced by household size, literacy, age and ownership of income generating activities. Class 4 was influenced by literacy, household size, location and income generating activities. Since the various classes had different socio-economic characteristics, poverty mapping of communities could be facilitated.
Policy Implications
Development initiatives in the developing countries require an in-depth understanding of target communities. The social capital typologies generated through latent class modelling offered opportunities to understand the target population better. Different sectors of the communities have different social networks. Seemingly homogeneous populations were found to constitute distinct classes with different social economic characteristics. Some segments of the rural communities are passive members who are not actively involved in community activities. Some are even sceptical about the trustworthiness of their fellow community members and some public institutions. Volunteering tendencies were also identified and they help in the building of strong and cohesive communities. Volunteering also fosters trust between citizens and help develop norms of solidarity and reciprocity which are essential to stable communities. If development projects require voluntary participation of the communities, then those with volunteering tendencies could be the best target. The typology of communities according to their endowment of social capital allows for prescriptive allocation of development initiatives. In Malawi there are many challenges that would require voluntary activities such as in the fight against HIV and AIDS, environmental management and in natural disasters such as floods. Therefore policies that target the rural areas should be based on the understanding of the social capital context of such areas.
The Way Forward
The typology of the research subjects was aimed at achieving an understanding of the characteristics of social capital in the rural areas of central Malawi with respect to the employed dimensions. The analysis did not specifically identify how social capital influences economic welfare. Such information would be important in quantitatively understanding the determinants of social capital in Malawi in particular and to the poor countries in general. More research would also be needed to shed light on why some segments of the communities do not participate in social and economic development activities that benefit their communities.
Conclusion
This study used a nested latent class model to characterise social capital in rural Malawi by using sixteen social capital variables that characterized the dimensions of community volunteering activities, socio-economic participation, trust among community members and institutional trust. Unlike traditional statistical methods where the allocation of individuals to different sub-groups is not based on an underlying statistical model, the nested latent class model was able to group research subjects into statistically distinct sub-groups which were socio-economically different. Besides, the model allowed for more statistical analysis which resulted into the identification of social capital determinants. These findings have fundamental policy implications as far as rural development is concerned. Latent class analysis has proven to be a reliable method that can map up the social capital prevalence in different rural communities. Such knowledge should help policy makers to understand the social-networking tendencies of rural people and thus identify poverty alleviation projects that could fit such situations.
The use of four dimensions of social capital does not tell the whole story about social capital in rural Malawi, as there are numerous dimensions that have been identified in literature. More detailed research is therefore required to understand the specific mechanism through which rural social capital can be enhanced and welfare levels are influenced by different social capital types.
